nodal reaches first described by Coleman (1969) that are spaced along the channel at 75 intervals of circa 30 km. They also identified local bank migration processes that are 76 driven by braid bar growth and migration and which operate at smaller spatial (3 -6 km) 77 and over shorter temporal scales (2 -5 years). Their findings contrast with those of Ellis 78 (1993), who observed bank erosion and embayment formation related to meander 79 growth and migration in near-bank anabranches that occur at spatial scales of hundreds 80 of metres to several kilometres, persist over periods of 1-12 years, and drive erosion 81 rates ranging from 50 to over 250 m yr . A finding 85 common to these studies was that rates of downstream migration in the locations of 86 severe bank erosion also appear to be scale-dependent. This is consistent with the 87 downstream movement of sand bars (Coleman, 1969) and changes in the location of 88 relatively stable and unstable reaches over time (Takagi et al., 2007) , which all suggest 89 a link to the downstream propagation of sediment waves (Gilbert, 1917; Madej and 90 Ozaki, 1996; Wathen and Hoey, 1998). Indeed both Thorne et al. (1993) independently at a range of spatial and temporal scales. 96 Marcus and Fonstad (2010) argue that the development and availability of new 97 remote sensing technologies, coupled with widening accessibility to GIS, have led to the 98 emergence of the 'remote sensing of rivers' as a sub-discipline of fluvial geomorphology. 99
Complex patterns of bank migration are now commonly investigated based on temporal 100 sequences of bank line data, captured from aerial photographs or remotely-sensedthat rates of bank line retreat during specified periods can be computed (e.g. Gurnell et line retreat on the Jamuna River. The key findings from the study are summarised in 158 section 4. 159
Methodology 160
Wavelet analysis comprises several mathematical transforms from which 161 temporal (or spatial) series can be transformed into a 2-D time (or space)-frequency 162 representation. A detailed treatment of the mathematics of wavelet transforms is 163 beyond the scope of this paper, but may be found in publications covering both wavelet 164 analysis theory (see Daubechies, 1992 ) and software implementation (Nason, 2008) . 165
In this paper we make use of the continuous wavelet transform (CWT) popularised by 166 Torrence and Campo (1998) . Our description of the CWT below draws from Torrence and 167 Campo (1998) using the notation and development of Sadowsky (1996) , Kumar and 168 Foufoula-Georgiou (1997), and Biswas and Si (2011) function (Fournier, 1995) . For the CWT of a discretely sampled spatial series denoted 180 by ( ) for a distance index d the integral in Equation (1) is substituted by a 181 summation and the distance x is replaced by increments of size (Torrence and Campo, 182 1998; Gurley and Kareem, 1999; Biswas and Si, 2011) . Finally, the wavelet power 183 spectrum for a given transform can be defined as | ( )| 2 (Torrence and Campo, 1998 ; 184 Biswas and Si, 2011) . 185
Wavelet functions are required to have a compact support (in other words they 186 decrease rapidly to zero) and a mean of zero (Farge, 1992; Kumar and Foufoula-187 Georgiou, 1997). In spite of these requirements, there are a great number of functions 188 available which satisfy these criteria. These can be classified in various ways such as (a) 189 orthogonal or non-orthogonal; (b) complex or real and in terms of (c) width and (d) 190
shape (see Torrence and Campo, 1998 § 3e) . Non-orthogonal wavelets (they overlap) 191 are used in the CWT. The CWT therefore incorporates considerable redundancy in the 192 representation of the spatial series (Kumar and Foufoula-Georgiou, 1997) and an 193 alternative to this is to make use of orthogonal wavelets which are the basis of the 194 discrete wavelet transform (DWT) which in its simplest form can be thought as a set of 195 slices through the CWT at scales defined by powers of two (Percival et al., 2004) . 196
However, it is argued that the non-orthogonal wavelets as used in the CWT are possibly 197 more appropriate for spatial series analysis as they can reveal more information on scale 198 localization (Biswas and Si, 2011) . Non-orthogonal versions of the DWT do exist such as 199 the maximal overlap discrete wavelet transform and maximal overlap discrete wavelet 200 packet transform which have also been applied in the analysis of spatial series (Milne et 201 al., 2010) . 202
Common examples of complex non-orthogonal wavelets used in the CWT (and 203 the focus of Torrence and Campo, 1998) include the Morlet (Fig. 1 A,B, Equation 3 ) and 204 the Paul (Fig. 1 C , Equation 4 ) wavelets, whilst the Derivative of Gaussian (DOG) (Fig. 1 
D, Equation 5) is an example of a real-valued function (equations modified from 206
Torrence and Campo, 1998): 207 The choice of the most appropriate mother wavelet function to use in a wavelet 214 analysis (along with the optimal value of k) depends largely on the characteristics of the 215 signal itself, ideally reflecting the shapes of features present in the data series to be 216 analysed (Lane, 2007) . However, there is a distinct lack of advice in the wavelet 217 literature on the optimal choice of these parameters, leading to the development of 218 context dependent criteria for relative comparison (e.g., Fu et al., 2003) which may or 219 may not be universal. Although Torrence and Campo (1998) have suggested that 220 different functions will nevertheless give the same qualitative results for wavelet power 221 spectra (Torrence and Campo, 1998) Fourier space. Common to Fourier transforms of finite series this introduces edge effects 227 primarily due to 'spectral leakage' as a result of edge discontinuities (Fougere, 1985) . 228
There are a variety of methods to ameliorate such effects: the approach taken in 229 Torrence and Campo (1998) It is also possible to perform a statistical significance test and calculate 234 significance by comparing the wavelet power to an appropriate background noise 235 spectrum. Commonly, either white noise or red noise (increasing power with decreasing 236 frequency) are used with the latter being a more realistic model of many geophysical 237 series that exhibit short distance spatial dependence (see Fougere, 1985 
Where is a constant, is the lag-1 autocorrelation and ( ) is white noise. We refer 243 the interested reader to the description of the Fourier power spectrum of (6) and a full 244 explanation with formulae for the quantification of significance levels using a Monte Carlo 245 simulation approach to Torrence and Campo (1998; § 4) as well as a summary 246 treatments by Si and Farrell (2004) . If a peak in the wavelet power spectrum is 247 significantly above this background we might ascribe this to a scale dependentbackground spectrum with computed according to the AR(1) coefficient and present all 250 significant results using the 95% confidence level. 251
Scale-averaging wavelet spectra 252
The fluctuations in wavelet power across discrete scale ranges or bands can be 253 achieved by defining the scale-averaged wavelet power as the weighted sum of the 254 wavelet power spectrum over scales s 1 to s 2 (modified from Torrence and Campo, 1998 ; 255 Coulibaly and Burn, 2004) : 256
where is a constant that can be derived for any wavelet function via reconstruction, 258 and depends on the width of the wavelet function used and should ensure adequate 259 sampling in scale (see Torrence and Campo, 1998 § 5b for the derivation formulae). 260
Significance levels can also be ascribed to the scale averaged wavelet power via an 261 analytical relationship between the significance levels and the scale-averaged wavelet 262 power. For details of this the reader is again directed to Torrence and Campo (1998) . 263
The scale averaged wavelet power is a series of the average variance in a certain band. 264
It can, therefore, be used to examine modulation of one series by another and / or 265 modulation of one frequency series by another within the same series. 266
Geomorphologic application: bankline retreat characterisation of the Jamuna 267
River 268
In this study we analyse bank migration along a 204 km reach of the Jamuna 269 river in Bangladesh (Fig. 2) , between its confluence with the Teesta River just south of 270 the Indian border, and the Ganges River. The Jamuna is one of the largest and most 271 dynamic rivers in the world ranking fifth in terms of discharge (mean flow 12,200cumecs) and eleventh in terms of drainage area (666,000 km 2 ) (Thorne et al., 1993) . 273
Analysis of the long-term evolution of the channel (Coleman, 1969 we have therefore selected the LHB data for subsequent analysis in this study. 302
Bank line delineation methods and data series 303
The data used in this study have been sourced from the Centre for Environmental 304
and Geographical Information Services (CEGIS), Dhaka. CEGIS have been responsible 305 for quantifying bank retreat rates along the entire length of the Jamuna in were also acquired from CEGIS. The resultant temporal sequence of bank line retreat 363 series is provided in Figure 3 . 364
Wavelet function selection 365
In this study we consider the three wavelet functions described in To assist in the identification of the preferred wavelet, a CWT decomposition of 376 the 1998-99 bank line retreat data was undertaken using all three wavelet functions 377 using the software developed by Torrence and Campo (1998) 
Results 404

Continuous wavelet transform spectra 405
The CWT spectra for the 8 bank line retreat series (Fig. 3) At the 0-10 km scale, the LHB can be separated into a number of clearly defined 451 reaches according to the magnitude (i.e. the wavelet power multiples above the 95% 452 confidence level) and spatio-temporal persistence (i.e. the number of consecutive years 453 wavelet power exceeds the 95% confidence level at a given location) of the bank retreat 454 patterns (Table 2) . Three low-magnitude, stable reaches, which exhibit little or no 455 significant wavelet power at scales of 0-10 km, at any time period, are visible at ~57-65 456 km, ~120-135 km and ~155-164 km. The last of these is almost certainly related to the 457 existence of stable guide bunds for Jamuna Bridge (Fig. 2) . In all cases, these stable 458 reaches are short; not exceeding 15 km in length. In contrast two reaches exhibit 459 persistent significant 0-10 km wavelet power throughout the majority of the study period, 460 which is, at times, of high magnitude. These are located at ~65-85 km and ~135-155 461 km. They represent reaches of moderate length (~20 km), which exhibit consistent and The temporal analysis presented in Figure 6 provides a simplified appraisal of the 483 pattern of location and frequency variation in bank retreat through time, where the 484 complexity has been reduced through the temporal isolation of the scale-averaged power 485 spectra from each CWT. As a result, the analysis does not provide a detailed evaluation 486 of the patterns of covariance from one CWT to the next. Techniques such as cross-487 wavelet transforms and wavelet coherence analysis (Grinsted et al., 2004) , that 488 specifically focus on quantifying the covariance between sequences of CWTs, offerapplication of these advanced techniques is beyond the scope of this paper, their 491 importance as a direction for future research should be recognised. 492
Wavelet power relationship to discharge 493
One of the key challenges in geomorphologic studies has been establishing and 494 elucidating the relationships between processes operating over different temporal and 495 spatial scales (Rhoads and Thorn, 1996 , pp. 145-6; Phillips, 1999a,b; Couper, 2004) . To this end, we also examine the relationship between different scales of bank 501 retreat and discharge by quantifying the definite integral of the downstream scale-502 averaged wavelet power spectra each time period (i.e. a numerical proxy for the total 503 magnitude of LHB retreat occurring at that scale) and plotting this against two measures 504 of peak discharge: the maximum discharge and the Q 95 exceedance period (Table 3) . 505
Whilst maximum discharge is identified as an important driver of bank retreat (Sarker 506 and Thorne, 2006; CEGIS, 2007) , the use of variable time periods in this study means 507 that a time-integrated measure of peak discharge (i.e. Q 95 exceedance) should also be 508 included in the analysis. 509
The CWT for each time period was scale-averaged into the following regular 510 intervals: 0-10 km; 10-20 km; 20-30 km; 30-40 km; 40-50 km. The definite integral of 511 each of the scale-averaged spectra for each time period was then quantified using the 512 trapezoidal rule and plotted against the peak discharge measures determined from the 513 available discharge records at the gauging station at Bahadurabad (Fig. 7) . 514
At 0-10 km and 10-20 km scales, strong positive, exponential relationships are 515 seen to exist between the integral of the wave power spectrum and QMax / Q 95 the total amount of bank retreat on the LHB of the Jamuna. It is interesting to note 518 that, in general, the strength of the relationships is stronger for maximum discharge 519 than for Q 95 exceedance, suggesting that QMax may be a more useful peak discharge 520 parameter when attempting to predict bank retreat on the Jamuna. Positive 521 relationships also exist at larger scales, albeit with far lower integrated power spectrum 522 values, and lower Pearson coefficients. The positive relationships identified are not 523 unexpected as the mean rate of bank retreat on the Jamuna is known to be related to 524 the magnitude of the largest monsoon flood (Sarker and Thorne, 2006; CEGIS, 2007) . 525
However, the evidence that the strength of the relationship shows a consistent decrease 526 as scale increases is new and important knowledge. Overall reductions in the magnitude 527 of the wavelet power spectrum integrals are accompanied by a reduction in R 2 values as 528 scale increases. For QMax the reduction is from 0.86 at 0-10 km scales to less than 0.5 529 at scales greater than 30 km. For Q 95 exceedance the reduction is from ~0.5 at scales 530 less than 20 km to ~0.3 at scales greater than 40 km. Thus, the pattern is one in which 531 peak discharge is strongly related to the rate of bank retreat on the Jamuna, but only at 532 spatial scales of less than 20 km. As the scale of bank retreat increases the importance 533 and statistical significance of peak discharge as a main driver of bank retreat is 534 substantially reduced. 535
Geomorphologic interpretation 536
A number of key characteristics of bank line retreat on the LHB of the Jamuna 537 river have been identified through the CWT analyses presented. Whilst some can be 538 interpreted with reference to well-understood geomorphologic processes and 539 conventional geomorphological thinking, others are more difficult to interpret and further 540 work is required to provide an adequate geomorphological explanation. 541
The CWT sequence in Figure 5 shows that at different times in the Jamuna river 542 data series varying amounts of significant, short (2-16 km), moderate (16-32 km) and 543 long (>32 km) wave-period bank retreat are evident. In some years (e.g. 1996-97; spacing in the pattern of significant bank retreat is evident in Figure 6 , and only one 567 persistently stable reach is evident. This suggests that the importance of island and 568 nodal reaches on influencing the pattern and magnitude of bank retreat at large spatial 569 scales may be less important than previously thought. Instead, the downstream 570
propagating patterns of retreat observed correspond more closely to the influence of 571 sediment waves; the importance of which has been recognised in earlier studies (Takagiet al., 2007) . Indeed, they estimated a wavelength of 35 km and found the best 573 evidence for the propagation between 10 and 80 km downstream -approximately the 574 same wavelength and location of the patterns observed in Figure 6 . Thus, additional 575 support is provided to the implication that propagating sediment waves are important 576 drivers of bank retreat patterns operating at scales of tens of kilometres on the Jamuna. 577
Relating the integral of a range of scale-averaged wavelet power spectra to 578 maximum discharge and Q 95 exceedance, Figures 8 and 9 provide an important and 579 explicit confirmation of conventional geomorphological thinking about the importance 580 that can be ascribed to peak discharge as a driver of bank migration at different scales 581 (e.g. Hooke, 1980; Nanson and Hickin, 1986) . On the LHB of the Jamuna the magnitude 582 of the peak discharge is strongly related to the integral of the wavelet power spectrum at 583 0-10 and 10-20 km scales and, hence, the magnitude of erosion at frequencies that 584 coincide with meander bend and embayment processes. At lower frequencies, where the 585 gross planimetric setting and regional factors such as the spatial variability of floodplain 586 substrate cohesiveness become important constraints on erosion, the relationship 587 between measures of peak discharge and wavelet power decreases. 588
Summary and conclusions 589
The Jamuna river provides an important venue for fundamental research on 590 process-form interactions in large-scale, complex fluvial systems. It is the epitome of a 591 wilful stream representing a complex, non-linear, dynamical system within which fluvial 592 processes, morphological responses and process-response feedback loops operate at 593 multiple scales of time and space. Past efforts at understanding this system have 594 multi-scale explanatory linkage between fluvial processes and channel evolution 600 envisaged first by Schumm and Lichty (1965) Note that the main channel is orientated due north-south. 884 
